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ABSTRACT 
Oral language development is a key outcome of elementary school and it is important to 
identify factors that predict it most effectively. Commonly researchers use OLS regression 
with conclusion restricted to average performance conditional on relevant covariates. 
Quantile regression offers a more sophisticated alternative. Using data on 17687 children 
from UK’s Millennium Cohort Study we compared OLS and quantile models with language 
development (verbal similarities) at 11 years as the outcome. Gender had more of an effect at 
the top of the distribution while poverty, early language and reading to the child had a greater 
effect at the bottom. The picture for TV watching was more mixed. The results are discussed 
in terms of the provision of universal and targeted interventions 
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Background 
Predicting patterns of child development has proved difficult and few areas are more 
challenging than oral language skills. Such skills are important in their own right but they 
have also been shown to predict difficulties throughout childhood and into adulthood (Law, 
Rush, Parsons & Schoon, 2009; Alexander, 2009). A number of studies have identified both 
positive and negative factors that predict language development. Alongside temporally distal 
factors such as early poverty (National Institute of Child Health and Human Development 
Early Child Care Research Network, 2005), child gender (Law, Rush, Parsons & Schoon, 
2012), birth weight (Barre, Morgan, Doyle & Anderson, 2011), parity (Prime, Pauker, 
Plamondon, Perlman, & Jenkins, 2014), and whether the child had attended a special care 
baby unit (Wolke & Meyer, 1999), a series of more common proximal social predictors of 
later language skills have been identified. These include parental reading to the child (Mol & 
Bus, 2011), providing learning opportunities such as outings to the park (Becker 2014), and 
television watching (Close, 2004). These findings tend to be stronger in studies of children 
with clinical levels of language impairment (Johnson, Beitchman & Brownlie, 2010; Law, 
Tomblin, & Zhang, 2008) than they are in representative cohort studies (Law, Rush, 
Anandan, Cox & Wood, 2012; Zambrana, Ystrom, & Pons, 2012). These relationships start 
early and often persist, but there is some suggestion that the capacity to make predictions may 
be sensitive to the distribution of the outcome. For example, the differences between the top 
and the bottom of the distribution remain the same over time (Bradbury, Corak, Waldfogel & 
Washbrook, 2015) but reduce as a proportion of the age at which those skills are measured 
(Law, King & Rush, 2014). In such cases traditional Ordinary Least Squares (OLS) 
regression models which are often the default approach  may increase the risk of 
encountering the ‘mean focus fallacy’ (Hohl, 2009), namely that predictors operate 
consistently across the distribution of the dependent variable. 
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The standard linear regression model makes the assumption that the conditional 
distributions over the predicted means of the dependent variable for given values of the 
explanatory variable all have the same variance (homoscedasticity). The “homoscedasticity 
assumption” does not hold when the amount of variability over the expected value of the 
dependent variable varies with the independent variable(s). The OLS estimate of the 
regression coefficient will still be unbiased and the standard errors can be easily corrected as 
to allow for valid statistical inference, but the homoscedasticity assumption restricts the 
empirical exploration of the relations between the explanatory and response variable. 
However, systematic differences in the variability and shape of the conditional distributions 
over the predicted means at different values of the explanatory variable provide information 
about potentially important aspects of the relation In this way, standard linear regression may 
constrain the social scientific understanding of the phenomenon in question.  
Long recognized in econometric modeling of income distribution, quantile regression 
has the potential to further our understanding of attributes of child development processes 
along the full spectrum of child functioning. Specifically they allow researchers to separate 
out those predictive factors which are sensitive to social disadvantage and those which are 
not. In the recent tutorial on the subject in Child Development, Petscher and Logan suggest 
that topics related to child language and other aspects of development were particularly likely 
to benefit from quantile approaches (Petscher & Logan, 2014). A quantile approach adds 
refinement by looking at the capacity of the independent variables to predict levels of the 
outcome, which may reveal effects very different from the average for some parts of the 
distribution. This allows an investigation of the independent predictor effect across different 
specified quantiles, from low through to high scoring, on the outcome. Different score 
locations on the outcome can be thought of as percentiles or quantiles, (e.g. the median is the 
50th percentile or 0.5 quantile, the 0.25 quantile is also known as the 25th centile). The 
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interpretation of the associated variable regression coefficient for a particular quantile is 
similar to that of linear regression, with the regression coefficient representing the increase in 
the specified outcome, quantile, produced by a one unit increase in the independent variable 
associated with that coefficient. Comparison of the effects of the independent variables can 
be made between each of the quantiles. Of course, it may be that the variation is in and of 
itself interesting but it is also possible that specific quantiles are of interest for exogenous 
reasons. For example, there has been considerable recent interest about the best 
characterization of a specific language impairment (Reilly, Tomblin, Law et al., 2014) and 
the suggestion made that the tenth centile on a norm referenced language measure should be 
the designated threshold. This cut-point was chosen for a variety of reasons, mostly 
concerned with convention and a pragmatic interpretation of prevalence data, but, if it could 
be demonstrated that the factors predicting language development changed in their impact at 
that point, this would add weight to the clinical validity of this point in the distribution.  
Quantile models have also been used in a variety of health contexts, including child 
malnutrition, growth and obesity, cancer and hypertension and in Geraci’s work on predictors 
of birth weight in the UK’s Millennium Cohort Study (MCS) (Geraci 2012). In a study 
focusing on 212 children at risk of language impairment, Petrill, Logan, Sawye & Justice 
(2012) suggested that the relation between storybook reading to emergent child literacy was 
relatively low across the distribution but much more sensitive at the lower end. In a more 
recent example, a similar approach was adopted in the MCS cohort to identify differential 
risk factors on child mental health assessed using the Strengths and Difficulties Questionnaire 
(Tzavidis, Salvati, Schmid, Eirini, Flouri & Midouhas, 2016).  
In developmental terms the question then becomes whether factors predicting 
outcomes operate in a consistent manner across the distribution of the outcome. A within-
child biological model sometimes referred to as the “Barker Hypothesis” would suggest that 
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there are a series of main effect predictors (gender, birth weight, parity etc.) driving outcomes 
without regard to interaction and do so consistently across the distribution (Barker, 2003; 
Borrell-Carrio, Suchman, Epstein, 2004). An alternative “social determinants” model 
sometime characterized as the diathesis-stress model (Zuckerman 1999) or the more specific 
developmental psychopathology model of Cichetti and colleagues (Cicchetti & Cohen, 1995) 
would hypothesise interactions across the distribution. A third “proportionate model” would 
suggest that over time the cumulative effects of early parental behaviours start to load on 
specific factors, severely skewing the relation between predictor and outcome. The first two 
options can readily be accounted for in Ordinary Least Squares (OLS) models, the third is 
likely to be better captured in a quantile regression model. 
The relation between findings and policy may be likely to require a more nuanced 
interpretation (Shonkoff, 2004), in part because they often assume that the association 
between predictors and outcomes is linear whereas this may not be the case. These, in turn, 
allow us to operationalize an issue which has attracted considerable attention in recent years 
namely ‘Proportionate universalism’. Proportionate universalism refers to the universal 
provision of services, where the scale and intensity of service delivery is tailored to 
individual disadvantage and need (Marmot, Friel, Bell et al., 2008; The Marmot Review, 
2010; Marmot, 2015; Law et al., 2013). A variety of different intervention approaches have 
been suggested (targeted, universal, redistributive and proportional universalism) (Benach, 
Malmusi,Yasui, Martınez, 2011). Yet how proportionate universalism should be put into 
practice has not been well articulated. Whether predictors, and thus the potential target of 
interventions, have the same relation across the distribution given a specific outcome 
becomes critically important for the targeting of those interventions. Quantile models have 
the potential to inform the development of both practice and policy. For example we could 
target children with low language and literacy at five years, as would conventionally be the 
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case or we could identify an outcome, such as language development at the end of elementary 
school and make a judgement as to which children to target earlier in their lives based on 
those who are low scorers at 11 years. If there is considerable variation across time, as, for 
example, we know is the case for language development, making predictions based on how 
children are likely to perform at time 2 might be a better bet than making predictions based 
on their profile at time 1. Thus in this context “early” intervention does not just mean 
intervening when the children are young but instead, intervening as soon as the problem 
emerges. The time 1 score becomes a risk factor, identifying which children’s development 
trajectories to monitor. The same point is made by Marmot who has suggested that income 
inequalities per se in the child’s life may be less important than their influence on 
psychosocial outcomes (Marmot, 2010) and it is the pattern of those outcomes that needs to 
be taken into consideration when planning interventions or services. Universal interventions 
can have counterintuitive effects of widening social disadvantage (White, Adams & 
Heywood, 2009), not only because higher social groups take up services more readily, but 
also because their children may benefit more from the intervention. A quantile model would 
show this as a greater difference at higher attainment levels. An alternative interpretation 
would be that a universal intervention should be of disproportionate benefit to those most in 
need. 
Of course, it is first necessary to test whether the quantile model offers more than the 
more traditional OLS regression approach. If it does, there may be interventions which are 
likely to have specific impacts at specific points in the distribution, effectively providing a 
way of articulating how proportional universal may be made to work.  
This study aims to investigate:  
1. To what extent are within-child (gender), family (parity and poverty), home activities 
(reading to the child and TV watching), and early language performance associated 
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with child language performance at eleven years, on average (OLS), and at different 
quantiles of child language (quantile regression).  
2. Are quantile regression analyses more informative about association between the 
independent and dependent variables than those derived from OLS regression? 
Given previous findings in typically developing children (e.g., Petrill, Deater-Deckard, 
Schatschneider, & Davis, 2007; Taylor & Schatschneider, 2010; Turkheimer & Waldron, 
2000), we hypothesize that environment-outcome relations will be stronger at lower levels of 
the distribution. Furthermore we expect that a number of significant relations will be 
identified in our “within child” model and our “social determinants” model, but we 
specifically hypothesize that for many children these early disadvantages become sustained 
or accentuated, rather than fading with time, so that the predictors have a more concentrated 
effect at the lower end of the distribution of the relation that would otherwise be missed by 
OLS models but which would be identified in quantile models. 
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Method 
Data source 
The data used in this study come from the Millennium Cohort Study (MCS) in the UK 
(DOI: 10.5255/UKDA-SN-6411-2), comprising prospective longitudinal data on a cohort of 
children and others in their household. The survey received ethical approval from the South-
West, London, Northern and Yorkshire Multi-Center Research Ethics Committees of the 
NHS. The MCS is a nationally representative cohort of over 18,000 children born in the UK 
between September 2000 and January 2002. Informed consent was received from mothers 
and partners for participation in the study for themselves and their children and verified at 
each later wave of data collection. Children’s households were sampled randomly from a 
register of those receiving child benefit which has estimated coverage of around 97% of 
children resident in the UK. Families were first surveyed at 9 months, when 18,818 children 
from 18,552 families were contacted (72% of those approached). Families were contacted 
again when children were aged 3 years, 5 years, 7 years and 11 years. Parents were given the 
opportunity to opt out, and consent was sought and obtained at each contact. The sample 
characteristics for the eleven year data in the MCS have been summarized elsewhere (Platt, 
2014). 
Participants 
Participants in the current study included a total of 5682 children with language 
assessment data at 11 years, 32.3% of the original sample. Descriptive statistics are provided 
in Table 1, and show that 28.2% of families were experiencing poverty when children were 
11 years. Just 2.4% of children were born small for gestational age, 18.5% were admitted to a 
special care unit at birth, and 42.9% were from single-child families. Frequency of parent-
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reported reading and stories with children were high, although parents reported less frequent 
trips to the library with their child.  
TABLE 1 ABOUT HERE 
The dependent variable in the present analyses was child language performance on the 
British Ability Scales (BAS II) standardized (M 100; SD 15) Verbal Similarities subtest 
(Elliott, Smith & McCulloch 1997) at eleven years of age. This assessment was originally 
designed to be used with children aged from 5 years to 17 years and 11 months and has 
internal, split half reliability 0.92 within our age range; test-retest reliability generally of 
standardization was 0.91. Correlation with the WISC III similarities scale has been evaluated 
as 0.60, while the BAS verbal ability composite has a correlation of 0.69 with the 
corresponding WISC composite (Elliott, Smith & McCulloch, 1997). Verbal Similarities 
assesses children’s verbal reasoning and verbal knowledge: The interviewer reads out three 
words to the child who must then say how the three things are similar or go together. The 
child is then asked “What could you call these things”. Thus in the ages covered at the eleven 
year sweep of the MCS, the examiner would commonly start with “syrup, toffee, cake” and 
then be asked for the common features for ”water, oil, blood”, ”jar, bag, box” etc. All of the 
children in MCS5 (@11 years) start at the 16th item, as this is the starting point for children 
of their age. There are decision points after items 28 and 33 where the child’s performance 
decides whether the test stops or continues to the next set of questions. One additional correct 
item at this age roughly corresponds to 3 additional points scored on the standard score scale 
used in the analysis. 
Independent Variables 
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A number of groups of variables were hypothesized as potentially affecting the 
quantile distribution of the BAS Verbal Similarities scale at eleven years. These are captured 
as child and family factors, home activities and early language skills. 
Child and family factors Child birth factors included: admission to the special care, 
neonatal or Intensive care unit after birth; or child born small for gestational age, defined as 
birth weight less than 2500g with a gestational age of more than 258 days and admission to a 
special care baby unit. Family poverty was defined via level of equalized household income 
less than 60 per cent of the median household income, where income was equalized 
according to the OECD equivalence scale, and coded as above (0) and below the poverty line. 
Poverty etc. were calculated at the child’s birth. Data on gender and the number of siblings in 
the household (Parity) were also included.  
Home activities (child ages 3 and 5 years). Parental involvement was measured by 
asking parents:  
(a) how often the child was read to, @ 3 years (1-2 x a week or less);  
(b) how often the child was read to, @ 5 years (1-2 x a week or less); 
(b) how often the child was told stories @5 years (1-2 x a week or less),  
(c) how often the child visited the library @5 years (1-2 x a week or less);  
(d) how often the child was taken to the library @ 3 years, (1x a month or less); 
(d) how often the child was taken to the park @ 5 years (1x a month or less);  
(e) How long did the child time spend watching TV @ 3 years (3 hours a day or less); 
(f) How long did the child time spend watching TV @ 5 years (3 hours a day or less). 
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Child vocabulary (child age 3 years). The Naming Vocabulary scale of the British 
Ability Scales II (Elliott, Smith & McCulloch, 1997) is a standardized verbal scale for 
children aged 2 years 6 months to 7 years 11 months. Naming vocabulary assesses the spoken 
vocabulary of young children and had internal, split-half reliability of 0.86 within our age 
range; test-retest reliability was 0.80 for this age. Correlation with the WPPSI-R vocabulary 
scale has been evaluated as 0.63, while the BAS verbal ability composite had a correlation of 
0.68 with the corresponding WPPSI-R composite (Elliott, Smith & McCulloch, 1997). The 
test items consist of a booklet of colored pictures of objects which the child is shown one at a 
time and asked to name. The BAS standardization shows that the naming vocabulary subscale 
is the most predictive of the early years subscales of the schools age subscales, (r = 0.44) 
albeit in the age range where their standardizations overlap (up to 7;11). 
Analytic plan 
To examine the univariable and multivariable effects of the independent factors and 
verbal similarity score at 11 years OLS and quantile regression models were fitted using the 
R software environment for statistical computing V.2.15.0.30 31. The quantreg package in R 
was used for the quantile regression and code provided by Geraci (personal communication) 
was adapted for the analysis (Lumley, 2004, 2011; Koenker, 2011). The quantile regression 
models were specified to test for effects at the 0.1, 0.3, 0.5, 0.7, and 0.9 quantiles, (10th, 30th, 
50th, 70th and 90th centiles). These quantiles were selected following convention (White, 
Royston & Wood, 2010) and the estimated factor slope coefficients across these selected 
points of the distribution were reported with their 95% bootstrap confidence interval. Initially 
the contribution of the independent variables collected in the MCS was assessed by adding 
blocks to the regression models as follows: Block 1: child and family factors (child age 9 
months); Block 2: home activities (child ages 3 and 5 years); and Block 3: child vocabulary 
(child age 3 years). Only the factors remaining significant from those univariable regressions 
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are presented in the results section below. The multivariable OLS model was produced for 
those factors which were found to remain statistically significant in the final multivariable 
quantile regression model.  
Quantile plots were used to summarize the intercept and slope coefficients for the 
multivariable quantile regression models, which also included the estimates for the associated 
OLS model. Coefficients with confidence intervals that do not cross zero on their respective 
y-axes were considered to be statistically significant; the OLS confidence interval can also be 
compared for overlap with the quantile confidence intervals. The intercept portion of the 
quantile process plot displays the predicted verbal similarities score when a factor is 0 (y-
axis) conditional on the quantile of verbal similarities (x-axis).  
There is always a risk that multicollinearity may interfere with the interpretation of 
such models, especially when seemingly related factors are included within models. 
Accordingly we checked for collinearity between variables and found it to be within 
acceptable limits. 
All statistical analyses were undertaken between 2014 and 2015. 
Missing Data 
In order to decrease bias and increase analytical power, we used multiple chained 
equations (using the MICE package in R) to impute missing data at item level, on the basis 
that the data were Missing at Random (MAR) (Van Buuren & Groothuis-Oudshoorn, 2011). 
Estimates were combined across the five imputed data sets. Throughout the analyses 
sampling weights were employed to adjust for unit nonresponse in the MCS by employing 
the survey packages for R. Complete case analyses were also performed. Findings from 
complete case and imputed datasets were similar and for this reason analyses using the 
imputed data set are presented here. 
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Results 
Table 2 presents the estimated regression coefficients from the univariable OLS 
regression models. The results show that although child vocabulary at 3 years was not 
associated with frequency of park and library visits at 5 years old, a one-unit increase on 
child language performance at 11 years was associated with an approximately 0.3 point 
increase in naming vocabulary at 3 years. For reading at both child ages 3 and 5, the effect 
was large, being an increase of 5 and 4 points on average respectively, on naming vocabulary 
at 11 years for those being read to at least once or twice a week. TV viewing at 3 years old 
had an effect of roughly 2 points, whereas that at 5 years old was slightly lower at 1.3. Boys 
were significantly better by about 0.7 on average. Parity results indicated a reduction of 1.6 
for each additional child in the family. Being in poverty compared to not being in poverty, 
revealed a difference in Naming Vocabulary of 4.5 points. The effect for having been in an 
Special Care Baby Unit or being were “small for dates” was a reduction in outcome of 1 and 
2.5 points respectively, compared to their counterparts using Multivariable Quantile and 
Ordinary Least Squares Regressions 
TABLE 2 ABOUT HERE 
Table 3 gives the regression coefficients for the quantile regressions with 
multivariable OLS results included for comparison. As expected, the intercept estimates 
increased from the .10 quantile (score of 32) to the .90 quantile (score of 62). The analyses 
are conditional on the outcome score, where higher quantiles were associated with higher 
observed scores, and thus with higher intercepts compared to intercepts in the lower 
quantiles. 
TABLE 3 ABOUT HERE 
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Child and Family Predictors of Language Performance 
Figure 1a illustrates the consistently negative effect of poverty across the distribution 
of child language performance. The effect of poverty was similar for quantiles 0.3 to 0.9 and 
for the OLS average effect, with a difference of approximately 2 points lower for those in 
poverty compared to those not in poverty. In contrast, the effect of poverty for children 
scoring low on child language performance was greater, with the difference being more than 
double that at the other locations on the distribution. The effects for birth factors (admission 
to special care unit and small for gestational age) did not contribute to the models, and were 
not included in the final multivariable model. The results for parity (Figure1b) indicate a 
negative effect for increasing number of siblings in the household associated with child 
language performance. The quantile regression results showed that this effect was greatest at 
the lowest and highest quantiles. Gender estimates for female children (Figure 1c) were 
somewhat similar for the OLS and quantile regression models from the 10th to 70th percentile 
on child language performance at 11 years, with girls performing less well on this outcome, 
however, this was much more marked at the high scoring end of the distribution (90th 
percentile).  
The effect of child vocabulary at 3 years was broadly consistent across the OLS 
estimate and the distribution of child language performance at 11 years, where a unit increase 
on vocabulary was associated with increasing the score on language performance at 11 years 
by approximately 0.2.  
FIGURES 1a to 1f ABOUT HERE 
Home Activity Predictors of Language Performance 
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The conditional quantile profiles are reported in Figures 1a through 1f, including the 
OLS estimates for comparison. Two of the five home activity predictors remained in the final 
model. Parents’ reading at least once or twice a week to children at 3 years was associated 
with improved child language performance of almost 2 points on average (OLS model). The 
magnitude of the effect varied considerably across the quantiles of child language scores at 
11 years, with the strongest effect (4.5 points) evident for children scoring in the lowest 
quantile for language performance at 11 years, and a null effect evident for children in the 0.7 
(but not the 0.9) quantile. Parent report of child TV viewing of less than 3 hours per day 
when children were 5 years had a positive effect on child language performance at 11 years 
on average (OLS model), but once again this effect varied considerably across the different 
quantile of the outcome. A gradient in the effect of lower hours of TV viewing was evident 
across the quantiles, where the largest effect was apparent for children performing most 
poorly on language performance at 11 years, and the smallest effect was apparent for children 
performing in the highest quantile for language performance at 11 years.  
Discussion 
The current study investigated child, family, and home predictors in the very early 
years of child language performance at 11 years and compared the utility in such longitudinal 
models of using standard (OLS) regression models with a quantile regression modeling 
approach. The findings suggest that quantile regression can be more informative than OLS 
models, with evidence showing considerable variation in the magnitude of the effect of 
common predictors of children’s language performance, depending on where in the 
distribution children fall on language performance.  
Two broad patterns were demonstrated in the current findings. The first is a profile 
where OLS and quantile pattern are equivalent except for children who had scores below the 
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30th centile on the outcome where the impact of the predictor (i.e., family poverty, early 
vocabulary, parents’ reading patterns) becomes more pronounced. Interestingly, one might 
anticipate that early language scores would be consistent predictors of later performance (i.e. 
best captured in the OLS model) and indeed this is the case but again we see that there is a 
striking difference at the lower end of the distribution where the prediction is especially 
strong. A similar relation is seen in regard to TV viewing. The predictor has a positive effect 
at the lower end of the distribution but a smaller effect at the top. Again the suggestion is that 
the distribution of the outcome is very sensitive to the nature of the predictor.  
The second type of pattern is best described as an inverted U-shaped distribution, 
exemplified by parity and gender. In both cases the similar effect is observed at the top and 
the bottom of the distribution but not in the middle. In others words having more siblings is 
more negative for children with low scores and for those with high scores but with a smaller 
effect elsewhere on the distribution. It is of interest in the translation between univariable and 
multivariable stage of the analysis that poverty and book reading were comparable in their 
effect at the lower end of the model but poverty was more marked at the top.  
Developmental models 
We have proposed three potential developmental models, one biologically “within-
child model”, a second socially driven “social determinants model” controlling for a variety 
of factors and a third “proportionate” model” suggesting an accumulation of risk at the 
bottom of the distribution for some variables. Although the interpretation is clearly nuanced 
and there are some variables which do not weight at the bottom of the distribution there are 
clearly others that do. We acknowledge that there are a number of factors that are likely to 
influence children’s early behavior and preferences, and subsequent development and that 
these represent associations across time rather than causal mechanisms. However, our results 
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suggest that an important prior influence is likely to be the parents’ past behavior, e.g., in 
relation to shared book reading and limit setting around TV watching, given that these factors 
are known predictors of children’s later preferences for these activities, particularly in the 
early years. It is possible that other individual child factors (working memory, attention, 
activity levels etc.) influence both children’s affinity for particular home activities and their 
language functioning. However, tailored interventions can be designed to take these types of 
individual differences into account, and can assist parents to engage children in activities 
even if both parent and child find them difficult.  
Implications for Policy and Practice 
Application of quantile regression may help in the development of services by 
identifying whether the performance on the dependent variables of interest (i.e., child 
developmental outcomes) are sensitive to specific proximal predictors or modifiable risk 
factors. Our findings show that poverty and parental reading to the child in the early years 
had by far the strongest effects for children with low language – i.e., at the bottom of the 
distribution. This would suggest that there may be little added value of universal reading 
interventions but that interventions targeting the bottom of the distribution would be 
especially beneficial. By contrast, the data on TV viewing would suggest that graded 
messages would be appropriate across the full distribution, perhaps involving a universal 
program for intervention offering increasing intensity to children at the lower end of the 
distribution. The focus of the intervention from these data would need careful consideration 
because these data indicate that TV watching may be a protective factor for children with 
lower language skills at eleven years but a potential risk for those with higher language skills 
at the same time point. Potentially quantile regression could, as Petscher and Logan (2014) 
suggested, be use to examine differential treatment effects in population studies and when 
“scaling up” interventions (Reeves & Lowe, 2009).  
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Returning to the issue of whether quantiles can help inform the categorization of 
groups of children, in this case with language impairment. It was suggested that if the 
distributions changed dramatically at the tenth centile this would give support to the notion of 
the “psychological reality” of the threshold – at least in terms of the predictors. By 
psychological reality we mean that the threshold is driven less by arbitrary psychometric 
convention and more by whether the children with scores falling above and below that 
threshold were meaningfully different in their profile and performance. The suggestion in 
these plots is that the threshold may, in fact, be rather higher between the 10th and the 30th 
centile. This issue would only be resolved with more fine-grained quantile analysis.  
Intervention 
As indicated above, all the biological, social and parenting variables examined in the 
quantile models significantly predicted eleven year outcomes and potentially all may be of 
relevance to the development of interventions. To this extent universal interventions focusing 
on early literacy and language are likely to be relevant. But the quantile analysis may help us 
with a more proportionate approach with enhanced input for some sections of the population. 
An interesting example from these data is gender. It would appear that, while gender is an 
important consideration across the distribution, there is a marked difference between the boys 
and girls; at the top end favoring boys and at the bottom end favoring girls. This suggests that 
higher performing girls in the early years may be likely to slip behind their male counterparts 
but the time they are eleven years old. Whether one would target girls in this group for 
intervention in this way is questionable but it is interesting that it does reflect the findings of 
the descriptive analyses of the MCS at eleven years and also links to work carried out in other 
cohorts which have shown that many girls do not perform as a well as boys in oral language 
skills (Law, Rush, Parsons & Schoon, 2012). Overall, the pattern for poverty is as expected, 
with greater effects at the lower end of the distribution. The pattern for parity is perhaps less 
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anticipated and is likely to be of interest at a practitioner level. Second and later births appear 
to have an overall negative effect but this effect is stronger at the top and the bottom of the 
distribution suggesting that practitioner advice to families may need to be tailored to different 
size families. The pattern for TV viewing does not differ from the OLS model and thus one 
would argue that recommendations ought to be the same across the population but the uptick 
at the lower end and the down tick at the higher end suggests that care needs to be taken in 
assuming that a “turn off the TV” model is the correct one. By contrast the model for early 
book reading is clear. It is good for everyone but it plays a disproportionate role for children 
with scores at the lower end of the language distribution. Either way quantile approaches and 
especially those applied to whole populations as indicated in the present study show potential 
for testing assumptions underpinning proportionate universalism. 
Prospects for future research 
This study raises a number of research questions that could usefully be addressed in 
further investigations. It would be appropriate to test these findings for language development 
in other, large scale representative population cohorts but to also consider whether there are 
other population level concerns related to children, for example behaviour or obesity where 
the same patterns may apply. Consistency of results would add confidence to some public 
health messages. Testing mediation within these models would give a greater understanding 
of the mechanisms but estimating such models may be a challenge in quantile. The logical 
next step would be, of course, to explicitly test potential mediational relations with 
interventions using experimental designs to establish whether it would be possible to modify 
the quantile patterns by provided targeted intervention. Of course, a proxy for such trials 
would be adopting a propensity score matching approach where intervention effects are 
modelled given certain assumptions in the birth cohorts themselves (Rubin, Rosenbaum & 
Rubin 1983). This may be especially helpful in the light of the other covariates assessed in 
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the present analysis (Rubin & Thomas, 2000) although it should be noted that caveats have 
been expressed about such an approach (Peikes, Moreno & Orzol, 2008). 
Study Limitations 
These analyses were developed to look at a specific set of questions related to 
commonly identified predictor variables in the preschool period and look at their impact at 
the end of primary school. It may be that the results are affected by this distance and it is 
possible that the effects would be more pronounced if the predictors were recorded closer to 
the outcome. In other words do the quantile specific effects wash out over time? Inevitably 
there is always a question as to whether the point at which the data were collected – for 
example reading to the child at two and three years is the optimum time to collect this 
information. It might argued that relatively few parents are not reading to their children at 
these ages and that although the overall numbers in this sample were very high the numbers 
in subgroups may affect the power to detect differences. So if we looked at reading to the 
child in the first year of life one might get a clearer picture. Inevitably such analyses are 
subject to the availability of measures. Similarly there has been some discussion recently 
about the potential role of measurement error on the one hand and regression to the mean on 
the other and that these may interfere with the interpretation. Regression to the mean is less 
important when whole populations are considered but, of course, the quantiles may 
effectively be emphasizing the outer ranges of the distribution. Measurement error is a 
potentially profound problem especially at three years of age when one might assume that it 
would be difficult for people carrying out the survey who might have less experience in 
assessing children. The fact that the lines (Figure 1d) are so close together for the BAS at 
three years suggests that there was relatively little noise in the distribution and therefore we 
can be reasonably confident in our interpretation of the data. At this point it is perhaps 
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instructive to look at the spread for TV watching which is much more pronounced. It is less 
easy to explain the reporting of parity where again the upper and lower bounds are very 
distinct for the median QR. 
One of the great strengths of this study is that the size of the sample makes it possible 
to look across the quantiles without running up against issues of statistical power. This makes 
is much easier to interpret findings from very large population representative samples than it 
does working with smaller and potentially “clinical” samples such as that identified by Petrill 
et al. (2012). The downside of such large secondary datasets is that almost by definition one 
has to exploit the available data. For example, in this study we use the word naming and 
verbal similarities data over time. These two variables reasonably characterize aspects of 
language and indeed have much in common. However if we wanted to explore this further, 
for example by looking at verbal comprehension or pragmatic skills potentially underlying 
these relations, it would not be possible to do this in this data set. Thus the very strength of 
such datasets potentially becomes their weakness. 
Of course, it again might be argued that the relations in the data could best be 
explained by using polynomial transformations of the predictors or the outcome variable. 
There could be a problem in trying to interpret such data and the resultant transformations 
from an empirical point of view. But the approach of using a quantile model allows relations 
where there is no significant effect at substantial parts of the distribution, which such 
transformations do not support. These, and effects which are positive for some and negative 
for others, which are essential for planning universal interventions which reduce gradients in 
outcomes, and respectively for targeting interventions at groups who would benefit. Our 
concern in this paper was to speak to this issue of proportionate universalism and such 
analysis would not have allowed us to do this in a way that quantile models do. 
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In quantile analysis, it is possible to define thresholds in any number of ways. For 
example, it would be technically possible to only have two categories of outcome (for 
example case/not case). Greater emphasis could be placed on distinctions at the lower end of 
the distribution effectively blocking all children with typical development into a single 
category. Some investigators have opted for multiple quantiles and one could reasonably 
argue that the more points across the distribution the better the representation of differential 
effects across the distribution. In the end, the interpretation depends on the question being 
asked. Here we had a clinical interest in the group of children below the tenth centile but 
sought to compare them with a range of groups across the distribution in order to demonstrate 
the contrast with OLS analyses. 
Conclusion 
Our results indicate that there are some predictors in these models which function 
very differently when quantile and OLS models are compared, whereas for others this is not 
the case. Where such differences occur there is a strong case for adopting the quantile model 
and this should be routinely tested in such analyses. Our results suggest that this approach has 
the potential to inform a proportionate universalistic approach to interventions in whole 
populations because it highlights the variable strength of association for some groups in the 
population relative to others. 
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Table 1 Sample characteristics 
   
Picture Similarities @ 11 years 
   
Overall lowest 10% highest 
10% 
Predictor Categories % (N) Mean(SD) Mean(SD) Mean(SD) 
Child and family factors 
     
Family poverty (at birth) Not 71.8 
(12663) 
61.63(8.78) 39.2 (8.17) 75.32 
(3.11) 
 
Poverty 28.2 (4975) 58.00(9.51) 39.93 (5.71) 74.48 
(3.39) 
 
Missing 0.3 (50) 
   
Child gender Male 51.4(9094) 62.1 (8.91) 39.83 (7.57) 75.49 
(3.14) 
 
Female 48.6 (8593) 60.61 
(8.82) 
39.08 (7.83) 74.94 (3.1) 
 
Missing 0 (0) 
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Child small for gestational 
age 
Not 97.6 
(17100) 
61.42 (8.9) 39.32 (7.67) 75.27 
(3.13) 
 
Small for gestational age 2.4 (417) 56.83 
(7.34) 
40.84 
(12.68) 
75.16 
(3.47) 
 
Missing 1(171) 
   
Parity 0 42.9(7584) 
   
 
1 36.2(6408) 
   
 
2 14.4(2556) 
   
 
3 4.5(789) 
   
 
4 1.3(230) 
   
 
5 0.4(74) 
   
 
6 0.2(34) 
   
 
7 0.1(9) 
   
 
8 0(2) 
   
 
9 0(2) 
   
 
Missing 0(0) 
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Special care unit 
admission 
SCU 18.5 (1553) 60.83 (9.1) 35.69 (9.49) 75.15 
(3.04) 
 
Not 81.5 (6833) 61.44 
(8.85) 
40 (7.23) 75.29 
(3.15) 
 
Missing 52.6 (9302) 
   
 
coding % (N) 
   
Home activities with child 
     
Parent read to child @ 3 
years 
Less than once or twice a 
week 
2.8 (293) 57.32 
(8.49) 
38.45 (6.69) 74.88 
(3.55) 
 
At least once or twice a 
week 
97.2 
(10264) 
61.37 
(8.89) 
39.38 (7.69) 75.26 
(3.12) 
 
Missing 40.6 (7130) 
   
Read to child @ 5 years Less than once or twice a 
week 
1.7 (176) 58.07 
(9.26) 
37.65 (6.69) 73.64 
(2.28) 
 
At least once or twice a 
week 
98.3 
(10330) 
61.36 
(8.89) 
39.23 (7.69) 75.29 
(3.13) 
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Missing 40.8 (7182) 
   
Parent tells stories @5 
years 
Less than once or twice a 
week 
27.2 (2860) 60.16 
(9.61) 
37.49 (9.86) 76.38 
(2.94) 
 
At least once or twice a 
week 
72.8 (7641) 61.74 (8.6) 40.49 (5.84) 75.02 
(3.12) 
 
Missing 40.9 (7186) 
   
Visits to library @ 3 years Once a month or less 63.8 (4112) 61.28 
(9.18) 
38.77 (7.76) 75.42 
(3.09) 
 
More than once a month 36.2 (2335) 61.44 
(8.34) 
40.43 (7.6) 74.9 (3.21) 
 
Missing 63.9 
(11241) 
   
Visits to library @5 years Less than once or twice a 
week 
91.1 
(13059) 
61.39 
(8.92) 
39.33 (7.71) 75.38 
(3.12) 
 
At least once or twice a 
week 
8.9 (1274) 60.93 
(8.71) 
39.63 (8.12) 74.43 
(3.09) 
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Missing 19.1 (3355) 
   
Visits to park @ 5 years Once a month or less 39.2 (5621) 61.97 
(8.66) 
39.99 (8) 75.26 
(3.27) 
 
More than once a month 60.8 (8708) 61 (9) 39.1 (7.63) 75.27 
(3.05) 
 
Missing 19.1 (3359) 
   
TV use @ 3 years More than 3 hours 16 (2329) 59.96 
(8.83) 
39.09 (5.76) 74.55 
(3.06) 
 
Less than 3hours 84 (12254) 61.5 (8.89) 39.4 (8.06) 75.32 
(3.13) 
 
Missing 17.7 (3105) 
   
TV use @ 5 years More than 3 hours 14.1 (2017) 60.71 
(7.96) 
43.1 (5.03) 75.81 
(3.28) 
 
Less than 3hrs 85.9 
(12314) 
61.42 
(9.01) 
38.83 (7.88) 75.21 
(3.12) 
 
Missing 19.1(3356) 
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Child language assessment 
     
 
Mean(SD) % (N) 
   
Naming Vocabulary @  3 
years 
50.82(10.82) 23.8 (4192) 
   
Picture Similarities @ 11 
years 
59.24(9.59) 32.3 (5683) 
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Table 2 Predictors of child language performance at 11 years: Univariable OLS regression analysis 
 Variable (split) B  (95% CI) 
Library @ 5 years  (<1 -2 a week)>1-2 a week) 0.50 (0.09, 0.91) 
Park @ 5 years (<=once a month >once a 
month) 
0.11 (-0.46, 0.25) 
Reading @ 3 years (<1 -2 a week) >1-2 a week) 5.06 (4.04, 6.09) 
Reading @ 5 years (<1 -2 a week) >1-2 a week) 4.26 (3.05, 5.48) 
Stories @ 5 years ((<1 -2 a week) >1-2 a week) 0.58 (0.16, 0.99) 
TV @ 3 years  (>3hours <less than 3hrs) 1.81 (1.3, 2.32) 
TV @ 5 years  (>3hours <less than 3hrs) 1.33 (0.75, 1.91) 
Poverty (not in poverty; in poverty) -4.53 (-5.04, -4.02) 
Parity 1.17 (-1.37, -0.96) 
Gender (male/female) 0.74 (-1.10, -0.39) 
Special Care Unity CU (SCU; no SCU) 1.10 (0.62, 1.57) 
BAS Naming Vocabulary - T-scores @ 3 years 0.27 (0.25, 0.29) 
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Table 3 Regression coefficients for Multivariable Ordinary Least Square and quantile regressions. 
Predictor OLS Quantiles 
  
 
0.1 0.3 0.5 0.7 0.9 
 B                        
(95% CI) 
B                        
(95% CI) 
B                        
(95% CI) 
B                        
(95% CI) 
B                        
(95% CI) 
B                        
 (95% CI) 
Intercept 47.90 
  (46.47, 49.32) 
32.12 
  (28.96, 35.27) 
45.07 
  (43.47, 46.66) 
49.41 
  (47.82, 51.00) 
54.00 
  (52.25, 55.74) 
62.70 
  (59.75, 65.66) 
Poverty -2.62 
  (-3.09, -2.14) 
-4.80 
  (-5.97, -3.62) 
-2.43 
  (-2.91, -1.95) 
-2.26 
  (-2.80, -1.71) 
-2.38 
  (-2.98, -1.79) 
-2.34 
  (-3.18, -1.51) 
Parity -0.42 
  (-0.59, -0.26) 
-0.52 
  (-0.91, -0.12) 
-0.28 
  (-0.47, -0.09) 
-0.30 
  (-0.48, -0.10) 
-0.46 
  (-0.67, -0.24) 
-0.59 
  (-0.89, -0.29) 
Gender 
(Female) 
-1.44 
  (-1.74, -1.14) 
-1.50 
  (-2.10, -0.89) 
-1.14 
  (-1.47, -0.81) 
-1.31 
  (-1.66, -0.96) 
-1.40 
  (-1.81, -1.00) 
-2.33 
  (-2.92, -1.74) 
Vocabulary 
at 3 years 
0.24 
  (0.22, 0.25) 
0.29 
  (0.26, 0.33) 
0.20 
  (0.18, 0.22) 
0.20 
  (0.18, 0.22) 
0.21 
  (0.19, 0.24) 
0.21 
  (0.18, 0.24) 
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Reading at 
three years 
1.88 
  (0.93, 2.82) 
4.55 
  (1.90, 7.20) 
1.60 
  (0.54, 2.66) 
1.78 
  (0.89, 2.66) 
1.04 
  (-0.04, 2.12) 
1.45 
  (-0.11, 3.00) 
TV 
watching at 
five years 
0.80 
  (0.34, 1.25) 
1.28 
  (0.36, 2.20) 
0.96 
  (0.45, 1.47) 
0.79 
  (0.27, 1.31) 
0.79 
  (0.21, 1.36) 
0.54 
  (-0.31, 1.39) 
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Figures 
Figure 1a Quantile plot for Poverty 
  
Light gray and dotted lines represent OLS, with 95% CI. Dark gray dashed lines represent 
quantile regression results, with 95% CI. 
Figure 1b Quantile plot for Parity 
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Light gray and dotted lines represent OLS, with 95% CI. Dark gray dashed lines represent 
quantile regression results, with 95% CI. 
Figure 1c Quantile plot for Gender 
  
Light gray and dotted lines represent OLS, with 95% CI. Dark gray dashed lines represent 
quantile regression results, with 95% CI. 
Figure 1d Quantile plot for naming vocabulary at three years 
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Light gray and dotted lines represent OLS, with 95% CI. Dark gray dashed lines represent 
quantile regression results, with 95% CI. 
Figure 1e Quantile plot for reading at three years 
 
Light gray and dotted lines represent OLS, with 95% CI. Dark gray dashed lines represent 
quantile regression results, with 95% CI. 
Figure 1f Quantile plot for TV viewing at five years 
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Light gray and dotted lines represent OLS, with 95% CI. Dark gray dashed lines represent 
quantile regression results, with 95% CI. 
